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Abstract

Due to increasing demand on deployable surveillance systems in recent years, object

tracking and activity recognition are receiving considerable attention in the research com-

munity. This thesis contributes to both the tracking and the activity recognition components

of a surveillance system. In particular, for the tracking component, we propose two difierent

approaches for tracking objects in video acquired by mobile cameras, each of which uses a

difierent object shape representation. The flrst approach tracks the centroids of the objects

in Forward Looking Infrared Imagery (FLIR) and is suitable for tracking objects that appear

small in airborne video. The second approach tracks the complete contours of the objects,

and is suitable for higher level vision problems, such as activity recognition, identiflcation

and classiflcation. Using the contours tracked by the contour tracker, we propose a novel

representation, called the action sketch, for recognizing human activities.

Object Tracking in Airborne Imagery: Images obtained from an airborne vehicle gen-

erally appear small and can be represented by geometric shapes such as circle or rectangle.

After detecting the object position in the flrst frame, the proposed object tracker models the

intensity and the local standard deviation of the object region deflned by the shape model.

It then tracks the objects by computing the mean-shift vector that minimizes the distance

iii



between the kernel distribution for the hypothesized object and its prior. In cases when the

ego-motion of the sensor causes the object to move more than the operational limits of the

tracking module, a multi-resolution global motion compensation using the Gabor responses

of consecutive frames is performed. The experiments performed on the AMCOM FLIR data

set show the robustness of the proposed method, which combines automatic model update

and global motion compensation into one framework.

Contour Tracker: Contour tracking is performed by evolving an initial contour toward the

correct object boundaries based on discriminant analysis, which is formulated as a variational

calculus problem. Once the contour is initialized, the method generates an online shape

model for the object along with the color and the texture priors for both the object and the

background regions. A priori texture and color PDFs of the regions are then fused based on

the discrimination properties of the features between the object and the background models.

The models are then used to compute the posteriori contour likelihood and the evolution

is obtained by the Maximum a Posteriori Estimation process, which updates the contour

in the gradient ascent direction of the proposed energy functional. During occlusion, the

online shape model is used to complete the missing object region. The proposed energy

functional unifles commonly used boundary and region based contour approaches into a

single framework through a support region deflned around the hypothesized object contour.

We tested the robustness of the proposed contour tracker using several real sequences and

have verifled qualitatively that the contours of the objects are perfectly tracked.
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Behavior Analysis: We propose a novel approach to represent human actions by modeling

the dynamics (motion) and the structure (shape) of the objects in video. Both the motion and

the shape are modeled using a compact representation, which is called the \action sketch".

An action sketch is a view invariant representation obtained by analyzing important changes

that occur during the motion of the objects. When an actor performs an action in 3D, the

points on the actor generate space-time trajectories in four dimensions (x; y; z; t). Projection

of the world to the imaging coordinates converts the space-time trajectories into the spatio-

temporal trajectories in three dimensions (x; y; t). A set of spatio-temporal trajectories

constitute a 3D volume, which we call an \action volume". This volume can be treated as

a 3D object in the (x; y; t) space. The action sketch is generated from the action volume by

analyzing the difierential geometric surface properties, such as peaks, pits, valleys and ridges.

These properties re°ect the changes in the speed, the motion direction and the shape of the

performing actor. We perform action recognition by computing a view invariant distance

measure between the sketch generated from the input video and the set of known sketches

in the database. Experimental results are provided for twenty eight actions.
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CHAPTER 1

INTRODUCTION

Computer vision research started in the 1960’s as an artiflcial intelligence problem, where the

goal was to understand images by detecting objects and deflning the relationship between

them. Thus, in the 1970’s problems such as object segmentation, and edge/line detection

motivated researchers to develop methods to solve early vision problems. In 1982, David

Marr [Mar82] proposed the theory of computer vision based on his background in math-

ematics and neuroscience. He stated that given visual information, a complete geometric

reconstruction of the observed scene is required for visual perception. In his view, a vision

system should compute the shape, orientation, color of every object in the scene and identify

them from just one image [Mar82]. Due to the in°uence of this approach, during the 1980’s,

several researchers were involved in developing \shape from X" methods to recover the three

dimensional structure of the objects, where X referred to motion [CA91], shading [YS02b],

stereo [BZ92], etc.

The 1990’s were the years when researchers started shifting from Marr’s theory of vision

to an alternate theory, known as active vision [BY92, AB87, SS93]. Active vision is based
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on actively changing the sensor orientation and location to acquire additional information.

In contrast to Marr’s approach, active vision does not demand a complete representation

of the environment. Rather, it deflnes independent visual tasks (behaviors), which have

well-deflned goals and operate independently to perform visual perception. An immediate

result of this theory was to use simple methods to perform simple visual tasks. Although

active vision boosted research in early 90’s, using active sensors for visual perception was

not practical.

With the advent of inexpensive high speed computers in the late 1990’s, several re-

searchers concentrated on motion-based approaches to solve computer vision problems. The

goal of a motion-based approach was to interpret the scene (a sequence of frames from a video

clip or a single image) based on visual cues. For instance, to perform high level vision tasks,

such as action recognition [YRS02] and video retrieval [RS03], many researchers started

using simpler two-dimensional representations without recovering the three-dimensional in-

formation. Compared to working on a single image, a sequence of frames introduces a new

dimension: time, and a new constraint: temporal coherence, for the interpretation of the

scene. Introduction of this additional constraint boosted the research on video processing.

Video can be processed for various purposes. For instance, to obtain the story from video,

one can group similar frames into shots, shots into scenes, etc., and analyze their visual

contents [RS03]. Building surveillance systems was another motivation for video processing.
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Due to the challenges involved and the scope of application, surveillance has quickly

become a very popular research topic in the past few years [HHD00, JS02, ED01]. The basic

components of a surveillance system are:

1. Object detection which flnds region of interests (moving or stationary) in an image.

2. Object tracking which performs tracking and generates trajectories.

3. Object classiflcation which classifles tracked objects as car, suitcase, human, truck,

tank, etc.

4. Activity recognition which analyzes the activities and behaviors performed by individ-

ual objects or group of objects.

The tracking component is usually a minimal requirement for a surveillance system, and

one of the most important bottlenecks. If the object tracker fails, then the rest of the

system becomes unreliable. Recognizing objects and their actions is also very important for

a visual surveillance system. In this thesis, we address problems related to tracking objects

in video acquired using mobile cameras, propose novel tracking approaches to overcome these

problems and introduce a novel representation for actions performed by actors for behavior

recognition.
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1.1 Thesis Overview

Despite the tremendous amount of research on object tracking, there is no comprehensive

survey of visual tracking. Following this observation, we provide a comprehensive survey

and categorization of the state-of-the-art tracking methods proposed in the recent years

(see Chapter 2). Chapter 3 discusses visual features used in tracking methods, such as the

color and the texture features, and details on possible modeling approaches used by various

researchers. In Chapters 4 and 5, we propose two novel approaches for tracking objects.

For both of these tracking methods, our emphasis is on high inter-frame motion and moving

camera, which remain a challenge for most object trackers. The flrst method uses the

primitive geometric regions to represent the object and the second method uses the contour

representation. Both of these methods have advantages and disadvantages. For instance,

our flrst method can perform tracking in real time with very high accuracy, however it only

tracks a circular (or ellipsoidal) window on the target (not necessarily centered on the object

centroid). On the other hand, the second method tracks the full object, resolves object

occlusions, and therefore can be used in high-level processes, such as action recognition,

object identiflcation and object recognition. Finally, in Chapter 6, we propose a novel

and compact representation for actions performed by tracked objects. The proposed action

representation uses the contours tracked by the contour tracking method discussed in Chapter

5 to generate a continuous volume. Action features are extracted by analyzing the difierential

geometric properties of the underlying volume. In Chapter 7.1, we conclude our thesis and
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provide future research directions. Below we provide an overview of the proposed trackers

and action representation.

1.1.1 Object Tracking: Survey of the State-of-the-art

Object tracking, in general, is a challenging problem. Di–culties in tracking objects can

arise due to abrupt object motion, changing appearance patterns of both the object and

the scene, non-rigid object structures, object to object and object to scene occlusions, and

camera motion. Tracking is usually performed in the context of higher level applications that

require the location or shape of the object. The assumptions made to constrain the tracking

problem are employed in the context of that application. In this chapter, we categorize the

tracking methods on the basis of the object and motion representations used. We provide

detailed descriptions of representative methods in each category and examine their pros and

cons. Moreover, we discuss the topics relevant to tracking in general, such as the use of

appropriate image features, selection of motion models, and detection of objects.
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1.1.2 Object Tracking in Infrared Imagery Captured from Air-

borne Vehicles

Small and quickly moving objects in video acquired by airborne mobile platforms are usually

hard to track. In addition, rapid motion of the sensor creates irregular object motion,

which violates constant speed and acceleration constraints. We propose an object tracker to

overcome these problems in closing sequences of forward looking infrared-imagery (FLIR),

which is motivated by the mean shift tracker proposed in [CRM00]. The main contributions

of our object tracker are:

† We use more features to model the object correctly. In particular, the density estima-

tions of local standard deviation features are fused with the intensity models. Due to

the target’s low contrast with the background, extra features are necessary for FLIR

imagery.

† We use additional tools, such as a global motion estimator to relax the small object

motion constraint imposed by the object trackers in this category (see Section 2.4.2).

The tracking module automatically decides whether motion compensation is necessary.

† The object feature models are automatically updated to adapt to rapid changes in the

visual features due to noise introduced from the IR sensor.
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1.1.3 Contour Based Object Tracking with Occlusion Handling

We propose a contour tracking method for video acquired using a mobile camera, which

tracks the complete objects. The proposed method can track multiple objects, adapt to

changing visual features, and handle partial and full object occlusions. Tracking is achieved

by evolving the contour from frame to frame by minimizing an energy functional, which

is formulated using variational calculus. We minimize the energy in the gradient descent

direction evaluated in the contour vicinity deflned by a band. Our approach has two major

components related to the visual features and the object shape. Visual features (color,

texture) are modeled by semi-parametric models, and their relative weights are computed

using independent opinion polling. The shape prior is used to recover the missing object

regions during occlusion. Each shape prior consists of a shape level set, where each cell in the

level set grid has an associated Gaussian. We demonstrate the performance of our method

on real sequences with and without object occlusions.

1.1.4 Spatio-Temporal Volume Sketch: A Novel Action Represen-

tation

Once object contours are available from the proposed contour tracking approach, action

recognition can be performed. Actions can be represented by changes in speed, direction

and shape of the performing object. Changes in these quantities stem from the motion of
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the object in the three-dimensional space. We propose modeling important events during an

action based on the motion of the object in space and time using \action volumes". Action

volumes can be generated by tracking the points on a three-dimensional object performing

an action, which results in tracks in four dimensions (x; y; z; t). Under the orthographic

projection, space-time trajectories becomes spatio-temporal trajectories in (x; y; t). A set

of spatio-temporal trajectories construct a solid, which we call a \spatio-temporal action

volume". In contrast to tracking one or a few points on the object, we generate the action

volume by tracking the complete object contour. Once tracking is performed, correspon-

dences between contours in difierent frames are determined using a dynamic programming

approach. Important events during an action (action elements) are computed by analyzing

the properties of the local surfaces of the action volume, such as peaks, pits and ridges.

Action elements computed using surface analysis are invariant to the position of the camera.

We relate these view invariant surface properties to various types of motions. Finally, using

these features, we perform view invariant action recognition.
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CHAPTER 2

OBJECT TRACKING: STATE-OF-THE-ART

Object tracking is an important task within the area of computer vision. The proliferation

of high powered computers and the increasing need for automated surveillance systems have

generated a great deal of interest in object tracking algorithms. Some of the tasks that use

object tracking are:

† Motion-based recognition: human identiflcation based on gait, automatic object de-

tection, etc.,

† Automated surveillance: monitoring a scene to detect suspicious activities or unlikely

events,

† Video indexing: automatic annotation and retrieval of videos for multimedia databases,

† Human-computer interaction: gesture recognition, eye gaze tracking for data input to

computers,

† Tra–c monitoring: real time gathering of tra–c statistics to direct tra–c °ow, and
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† Vehicle navigation: navigating vehicles with path planning and obstacle avoidance

capabilities.

Tracking can be deflned as the problem of estimating the trajectory of an object as the

object moves around a scene. Simply stated, we want to know where the object is in the

image at each instant in time. Tracking objects can be a complex problem due to:

† loss of information caused by projection of the 3D world on a 2D image,

† noise in images,

† complex object motion,

† partial and full object occlusions,

† complex object shapes

† scene illumination changes and

† real time processing requirements.

One can simplify the tracking problem by imposing constraints on the motion and appearance

of objects. For example, almost all tracking algorithms assume the object motion to be

smooth. One can further constrain the object motion to be of constant velocity or constant

acceleration based on a priori information. Prior knowledge about the number and the size

of the objects can also be used to simplify the problem. Some algorithms assume prior
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knowledge about the object appearance or shape, e.g., tracking skin colored objects, or

tracking elliptical objects.

Numerous approaches for object tracking have been proposed. These primarily difier from

each other based on the way they tackle the following questions: Which object representation

is suitable for tracking? Which image features should be used? How should the motion, the

appearance and the shape of the object be modeled? The answers to these questions depend

on the context/environment in which the tracking is being performed, and the end use

for which the tracking information is being sought. A large number of tracking methods

have been proposed that attempt to answer these questions for a variety of scenarios. The

goal of this chapter is to group tracking methods into appropriate categories and provide

comprehensive descriptions of representative methods in each category. We aspire to provide

the readers that require a tracker for a certain application with the ability to select the most

suitable tracking algorithm for their particular needs. Moreover, we aim to identify new

trends and ideas in the tracking community and hope to provide insight for the development

of new tracking methods. Finally, we want to point out that the focus of this chapter is

on methodologies for tracking objects in general, and not on trackers tailored for speciflc

objects, e.g., people trackers.

Our discussion follows a bottom-up approach in describing the issues that need to be

tackled when one sets out on a task of building an object tracker. The flrst issue is com-

ing up with a suitable representation of the object. In Section 2.1, we will describe some

common object shape representations, e.g., points, primitive geometric shapes and object
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contours, and appearance representations. The next issue is the selection of image features

used as an input for the tracker. In Section 2.2, we discuss various image features, like

color, motion and edges, which are commonly used in object tracking. Almost all track-

ing algorithms require detection of the objects, either in the flrst frame or in every frame

depending on the tracking method used. Section 2.3 summarizes the general strategies for

detecting the objects in a scene. The suitability of a particular tracking algorithm depends

on object appearance, object shape, number of objects, the object and camera motion, and

the illumination conditions. In Section 2.4, we categorize and describe the existing tracking

methods and also explain their strengths and weaknesses in a summary section at the end

of each category. Section 2.5 discusses important issues relevant to object tracking.

2.1 Object Representation

Objects can be represented by their shapes and appearances. In this section, we will flrst

describe object shape representations commonly employed for tracking and then address the

joint shape and appearance representations.

† Point: The object is represented by a point, e.g., the centroid (Figure 2.1a). In general,

the point representation is suitable for tracking objects that occupy very small regions

in an image.(see Section 2.4.1).
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2.1: Object representations. (a) Centroid, (b) multiple points, (c) rectangular, (d)

elliptical and, (e) multiple patches, (f) object contour, (g) control points on the contour, (h)

object silhouette.

† Primitive geometric shapes: The object shape is represented by a rectangle, ellipse,

etc. (Figure 2.1c, d). Object motion, for such representations, is usually modeled by

translation, a–ne or projective transformation (see Section 2.4.2 for details). Though

primitive geometric shapes are more suitable for representing simple rigid objects, they

are also used for tracking a variety of non-rigid objects.
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† Object contour: The contour representation deflnes the boundary of the object and

is suitable for representing non-rigid objects (Figure 2.1f, g). The region inside the

contour is the silhouette of the object (see Figure 2.1h). Contour based representations

are suitable for tracking complex non-rigid shapes.

† Articulated shape models: Articulated objects are composed of object parts that

are held together with joints. For example, the human body is an articulated object

with torso, legs, hands, head and feet connected by joints. The relationships between

the parts are governed by the model parameters, e.g., joint angle. To represent the

constituent parts of the articulated model, one can use lines, ellipses (Figure 2.1e) or

cylinders. Articulated object tracking is beyond the scope of this thesis and we refer

the interested reader to the surveys [AC99, Gav99, MG01] on this topic.

There are a number of ways to represent the appearance features of objects. Note that

shape representations can also be combined with the appearance representations for tracking.

Some common appearance representations in the context of tracking algorithms are given as

follows:

† Probability densities of object appearance: The probability density estimates of

the object appearance can either be parametric, e.g., a Gaussian [ZY96] or a Gaussian

mixture model [PD02], or non-parametric, e.g., Parzen windows [EDH02] or histograms

[CRM03]. The probability densities of object appearance features, e.g., color, can be
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computed from the image regions specifled by the shape models, e.g., interior region

of an ellipse or a contour.

† Templates: Templates are formed using simple geometric shapes or silhouettes [FT97].

An obvious advantage of a template is that it carries both spatial and appearance infor-

mation. The limitation of template based models is that they only encode appearance

of the objects from one view. Thus, they are only suitable for tracking objects whose

pose does not vary considerably.

† Multi-view appearance models: These models encode difierent views of an object.

For example, we can represent all the views of an object by a subspace decomposition,

e.g., Eigenspace decomposition [BJ98]. Another approach to model the appearance

is to train classiflers, e.g., support vector machines [Avi01], to represent the difierent

views of the object. One limitation of this approach is that the appearance information

of all views of the tracked objects is required ahead of time.

Object representations are usually chosen according to the tracking application. For

tracking objects which appear very small in an image, point representation is usually appro-

priate. For instance, Veenman et al. [VRB01] use point representation to track the seeds

in a moving dish sequence, and Shaflque and Shah [SS03] use point representation to track

birds. If the objects have shapes like a rectangle or an ellipse, primitive geometric shape

representations are more appropriate. Comaniciu et al. [CRM03] use an elliptical shape rep-

resentation and employ a color histogram computed from the elliptical region for appearance
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modeling. In [BJ98], Black and Jepson use the Eigenspace based appearance representation,

which is generated from the rectangular object regions. For objects with complex shapes,

e.g., humans, a contour or a silhouette based representation is appropriate. Haritaoglu et

al. [HHD00] use object templates in the form of object silhouettes for object tracking in a

surveillance application. Generally, there is a strong relationship between the object repre-

sentation and the tracking algorithms. We will have a further discussion (in Section 2.5.1) on

selection of the right representation for tracking after we discuss the tracking methodologies.

2.2 Feature Selection for Tracking

Tracking methods requires a set of unique features to represent each tracked object. Selecting

the right features is closely related to the object representation. For example, color is used

as a feature for histogram based appearance representations while for contour based repre-

sentation, edges are usually used as features. Common features used in tracking methods

are:

† color,

† edges,

† optical °ow,

† texture.
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Color is one of the most widely used features for tracking. Comaniciu et al. [CRM03]

use color as a feature for the histogram representation of the tracked object. Cremers et al.

[CS03] use optical °ow as a feature for contour based tracking. Jepson et al. [JFE03] use

steerable fllter responses as features. For a detailed discussion on these features, please see

Chapter 3.

2.3 Object Detection

Every tracking method requires an object detection mechanism either in every frame or when

the object flrst appears in the video. Some common object detection methods are given in

Table 2.1. Although object detection itself requires a survey of its own, here we outline some

of the popular methods for the sake of completeness.

2.3.1 Point Detectors

Point detectors, which flnd interest points in an image, have been successfully used in the

context of motion, stereo and tracking for a long time. An interest point, e.g., a corner in an

image, ideally should be invariant to the changes in illumination and camera view. A property

of interest points is that there is expressive texture in the locality of the point. Commonly
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Table 2.1: Object detection categories.

Categories Representative work

Point detectors Moravec’s detector [Mor79],

Harris detector [HS88],

A–ne Invariant Point Detector [MS02]

Segmentation Mean shift [CM99]

Graph-cut [SM00],

Active contours [CKS95]

Background Modeling Mixture of Gaussians[SG00],

Eigenbackground[ORP00],

Wall °ower [TJM99],

Dynamic texture background [MMP03]

used interest point detectors include Moravec’s interest operator [Mor79], Harris interest

point detector [HS88], KLT detector [ST94], and SUSAN detector [SB97]. Moravec’s interest

operator computes the variation of the image intensities in a 4x4 patch in the horizontal,

vertical, diagonal and anti-diagonal directions, and selects the minimum of the four variations

as representative value for the window. A point is declared interesting if the intensity

variation is a local maximum in a 12x12 patch.
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(a) (c) (c)

Figure 2.2: Feature points detected by applying (a) the Harris, (b) the KLT and (c) the

SUSAN feature detectors.

The Harris detector computesthe ¯rst order image derivatives, (I x ; I y), in x and y di-

rections to highlight directional intensity variations, then a secondmoment matrix, which

encodesthis variation, is evaluated for each pixel: M =

0
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1

C
C
A . An interest point is

identi¯ed from the determinant and the trace of M which measurethe variation in a local

neighborhood: R = det(M ) ¡ k ¢tr (M )2 wherek is constant. The interest points are marked

by thresholdingR after applying non-maximasuppression(seeFigure 2.2a for results). The

sourcecode for the Harris detector is available at [har]. Similar to the Harris detector, in the

KLT detector, a moment matrix M is computed but in a 6x6 patch. Interest point con¯-

dence,R, is consideredfrom the minimum eigenvalue of M , ¸ min . Interest point candidates

are selectedby thresholdingR. Among the candidatepoints, KLT eliminatesthe candidates

that are spatially closeto each other (Figure 2.2b). Implementation of the KLT detector is

available at [klt ].
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